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Introduction and Executive Summary 

The following report provides an updating of the outcomes of the investigation of the information 
collected from a sample of SGUs conducted by the Clean Energy Regulator from late 2010 to early 2012.  
This report focuses on the basic issues of extending the fundamental estimates from the initial data 
analysis performed in September of 2012 as well as investigating whether there are any significant 
differences in these estimates between the original sample analysed and the collection of additional 
samples.  As in the original analysis, the final overall estimates are appropriately adjusted for potential 
bias associated with the fact that the sampling scheme was not a simple random sample, but instead 
focussed on those SGU installations which fell into an area where inspection was available.  In addition, 
an adjustment is made to account for the potential of variability in the assessment propensities of the 
various inspectors. 
 
Overall, a sample of 6,803 SGUs was analysed (constituting an increase of 3,745 SGUs from the original 
dataset of 3,058 sampled SGUs), with the following primary outcomes: 
1. There were 295 SGU installations deemed to be “unsafe”, which leads to an overall raw rate of 4.3% 

(and is thus unchanged from the raw rate observed in the original analysis); 
2. There were 1,143 SGU installations deemed to be “sub-standard”, which leads to an overall raw 

rate of 16.8% (which constitutes a notable decrease from the 21% value from the original analysis, 
and indicates that there was only 13.4% of installations in the newly collected data deemed to be 
“sub-standard”); 

3. Using post-stratification techniques to adjust for the bias in these raw rates, the overall estimate of 
the proportion of unsafe installations is 4.5% with a standard error of 0.3%, a notable (though not 
statistically significant) decrease from the original analysis estimate of 5.3%; and, 

4. The bias adjusted estimate of the overall proportion of sub-standard installations is 18.3% with a 
standard error of 0.6%, a statistically significant decrease from the original analysis estimate of 
19.7%. 

5. These adjusted estimates correct for observed differences in geographic composition of the 
sampled SGUs from the population of all SGUs and also account for any differences associated with 
the time periods of the two different samples (i.e., any “block” shift in rates of unsafe and sub-
standard installations).  Both more detailed timing of installation (e.g., monthly trends throughout 
the entirety of the sample period) and size of installation were also investigated as potential areas 
where further adjustment might be necessary, but both were deemed to show no requirement for 
further bias correction. 

6. There was notable variation in the propensity to assess installations as either unsafe or sub-
standard among the 74 inspectors.  When this effect is accounted for, the final adjusted estimate of 
the proportion of unsafe installations is 4.0% with a standard error of 0.5%, and the final adjusted 
estimate of the proportion of sub-standard installations is 18.5% with a standard error of 1.3%. 

 
 
Population Characteristics 

The population of SGUs under consideration consisted of 480,892 registered SGUs installed between 
mid-August 2010 and the end of April 2012 (an increase of 145,888 registered SGUs from the 
population examined in the original report).  Table 1 shows the spread of installations across states 
and territories.  Furthermore, by cross-correlating the postcodes of the installation addresses with 
the ABS 2006 Remote Area Index, Table 1 also breaks down the population by three levels of 
remoteness: Major Cities, Inner Regional, Outer Regional, Remote and Very Remote.   

Table 1:  Breakdown of SGU Population by State and Remote Area Index 

Remoteness Index 
State or Territory 

ACT NSW NT QLD SA TAS VIC WA 

Major Cities 7,344 66,116 - 86,779 52,532 - 51,819 44,553 

Inner Regional 16 33,695 - 33,423 12,026 2,493 24,826 12,062 

Outer Regional - 10,543 333 13,387 9,412 1,209 5,925 4,821 

Remote - 1,164 202 1,373 2,590 47 81 989 

Very Remote - 164 24 332 367 59 - 186 



 

 

Note that the number of SGUs installed in the Remote and Very Remote regions of the country 
account for only 1.6% of the population (a very slight increase from 1.5% from the original population 
data which comprised installations prior to the end of August 2011).  Furthermore, in the sample data, 
of the 6,803 inspected SGUs, only 40 (0.6%) were from either remote or very remote locations (again 
in line with the proportion seen in the original analysis). For this reason, in the analysis of the sampled 
SGUs, the remote installations will once again be grouped together with those from the Outer 
Regional areas, to ensure sufficient statistical reliability.  As noted in the previous report, this re-
categorisation entails an intrinsic potential for bias, if the installation characteristics of the remote 
SGUs differ from those in the Outer Regional areas.  Fortunately, the maximum size of this potential 
bias is kept extremely small by the fact that so few SGUs have been installed in these areas to date.   

As in the original sample investigated, the most notable source of bias exists in the form of a potential 
difference in structure between the population and the sampling frame. This bias will again be 
corrected for through the process of post-stratification. However, as the post-stratification process 
requires a geographic breakdown of the installed SGUs in the population, we now note that there has 
been an apparent shift in the geographic distribution of SGUs installed between the original sample 
timeframe and the updated sample timeframe.  In particular, Table 2a indicates a noticeable change in 
the state-by-state installation pattern for the SGUs installed in the updated section of the population.  
Clearly, installations in New South Wales have diminished substantially relative to those in the other 
large states (i.e., Queensland, South Australia, Victoria and Western Australia).  However, Table 2b 
indicates that the installation pattern with regard to remoteness has changed very little, with only a 
slight shift of Major City installations into the Outer Regional areas. 

Table 2a:  Proportion of SGU Population by State for Original and New Timeframes* 

Timeframe 
State or Territory 

ACT NSW NT QLD SA TAS VIC WA 

Original (8/2010 – 8/2011) 1.9% 28.4% 0.1% 26.7% 13.8% 0.6% 16.2% 12.1% 

Update (9/2011 – 4/2012) 0.6% 11.1% 0.1% 31.3% 21.1% 1.2% 19.4% 15.1% 

Overall 1.5% 23.2% 0.1% 28.1% 16.0% 0.8% 17.2% 13.0% 

Table 2b:  Proportion of SGU Population by Remoteness for Original and New Timeframes* 

Timeframe 
Remoteness 

Major Cities Inner Regional Outer Regional Remote Very Remote 

Original (8/2010 – 8/2011) 64.9% 24.8% 8.8% 1.3% 0.2% 

Update (9/2011 – 4/2012) 62.8% 24.3% 11.1% 1.5% 0.4% 

Overall 64.3% 24.7% 9.5% 1.3% 0.2% 
* There were actually 2,079 registered units with installation dates within the original timeframe which were not included in the original 
population data provided.  However, as this constitutes only 0.6% of the original population, this complication is ignored here. 

In addition to geographic location, other factors potentially affecting the proportion of substandard 
or unsafe installations were examined in the original analysis: the size of the unit, as measured by 
rated output in kilowatts (kW), and the timing of the installation.  

Figure 1: Proportion of Population SGUs of Various Sizes by State 
 (a) Original (b) Update 

  



 

 

These factors were not significantly related to the sample proportions of unsafe or substandard 
installations.  However, if there has been a shift in the distribution of these factors in the population, 
then a re-investigation of their importance is warranted. Figures 1 and 2 show the breakdown of SGU 
size by state and remoteness, respectively, for the population investigated in the original analysis and 
the population associated with the updated sample (i.e., those SGUs installed after August 31, 2011). 

Figure 2: Proportion of Population SGUs of Various Sizes by Remoteness 
 (a) Original (b) Update 

  

As can be seen, there appears to have been a slight shift from smaller to larger units in the new 
section of the population data, and Figure 1 indicates that this has happened primarily in the Northern 
Territory, Queensland and South Australia.  Figure 3 shows the number of SGUs installed through time. 

Figure 3: Number of Population SGUs by Month of Installation 
 (a) by State (b) by Remoteness 

   
 
As noted in the original analysis, there is a noticeable spike in the numbers of installations in June 
2011 and then subsequent substantial drop-off in July and August 2011, presumably corresponding to 
the reduction in the Solar Credits Multiplier from 5 to 3.  Figure 3 also demonstrates the overall 
decline in installation numbers in the new section of the population, though there is evidence of a 
potential repeat in the June spike seen in 2011, again presumably related to the reduction in the Solar 
Credits Multiplier. 
 
Sampling Procedure 

An updated sample of 6,803 inspected SGUs was provided, which included the original sample of 
3,058 and an additional 3,745 inspected SGUs.  Detailed breakdowns of these SGUs by state and 



 

 

remoteness, as well as other characteristics, are provided in the following sections.  Overall, there 
were 295 (4.3%) installations deemed as unsafe by inspectors and 1,143 (16.8%) installations deemed 
to be sub-standard.  However, as in the original analysis, these raw rates are likely to be biased and 
require appropriate adjustment to account for the details of the sampling procedure. 

The sampling procedure indicates that samples were selected restricted to various timeframe and 
postcode constraints.  As noted above, this gives rise to a sampling frame which differs from the true 
population (i.e., there are some SGUs which have no possibility of being sampled).  Without proper 
adjustment, such a difference between sampling frame and population may lead to biased estimates. 
However, with proper adjustment and minimal structural assumptions, appropriate adjustment can be 
made to arrive at unbiased estimates. 

Further, within the given constraints of postcode and timeframe, SGUs were sampled at random for 
inspection, and thus are representative of the timeframe and geographic location from which they 
arose.  However, it must be noted that each sampled SGU for inspection was subject to the consent of 
the installation owner.  As such, there is the potential for a “response bias” if those owners that either 
refused to or were unavailable to provide consent to inspection were substantively different than the 
owners of the SGUs which were actually sampled.  In the current circumstances, it seems unlikely that 
owner consent or otherwise would be linked to the likelihood of unsafe or substandard installation, 
and thus it is deemed that there is extremely minimal risk of a response bias.  Finally, there was no 
information provided as to the extent of the number of sampled SGUs which could not be inspected.   
 
Geography 

Clearly, the sampling procedure leaves open the possibility of notable differences in the geographic 
breakdown of the sampling frame and the actual population of SGUs.  Table 3 provides the 
breakdown of the 6,803 sampled SGUs by state and remoteness area.  In addition, Table 3 provides 
the proportion of each cell which is comprised of newly sampled SGUs (i.e., SGUs which were not in 
the original collection of 3,058 SGUs analysed). 

Table 3:  Sampled SGUs by State and Remote Area Index (value in parentheses is proportion not in the original sample) 

Remoteness Index 
State or Territory 

ACT NSW NT QLD SA TAS VIC WA 

Major Cities 104 
(67.3%) 

1,453 
(21.8%) 

- 
1155 

(65.3%) 
791 

(73.8%) 
- 

870 
(56.3%) 

546 
(80.6%) 

Inner Regional 
- 

420 
(27.4%) 

- 
140 

(63.3%) 
118 

(66.9%) 
52 

(90.4%) 
234 

(66.7%) 
206 

(74.3%) 

Outer Regional 
- 

54 
(51.9%) 

9 
(33.3%) 

177 
(54.2%) 

98 
(78.6%) 

20 
(50.0%) 

46 
(73.9%) 

29 
(100%) 

Remote 
- 

4 
(75.0%) 

9 
(0%) 

6 
(66.7%) 

18 
(77.8%) 

- - - 

Very Remote 
- - - 

1 
(100%) 

2 
(0%) 

- - - 

 
While there remain “small sample” issues in various regions, it is clear that there are still some notable 
differences between the geographic composition of the sample and that of the overall population.  
However, it is worth noting that the primary differences between the updated sample and population 
are not as severe as they were for the original sample and population, and this is a direct result of the 
new sampled SGUs tending to target areas where there was a previous under-representation.  In 
particular,  

1. There is still an over-representation of SGUs from New South Wales, which constitute 28.4% of 
the sample, but only 23.2% of the population, however, this is a much smaller discrepancy than 
was the case for the original sample, which had 48.0% of its inspected SGUs from New South 
Wales; 

2. Corresponding under-representation of SGUs from Queensland, which constitute 28.1% of the 
sample, but make up only 25.3% of the population; 

3. An over-representation of SGUs from Major Cities, which constitute 72% of the sample, but only 
64% of the population. 
 



 

 

Of course, these discrepancies only give rise to an actual bias in the estimation procedure if the rate of 
unsafe or substandard installations differs by state or remoteness.  Table 4 provides the observed 
breakdown of the number and proportion of unsafe or substandard installations in the sample by 
state and remoteness.  Note that, as mentioned above, given the small number of SGUs sampled from 
remote and very remote locations, these categories have been amalgamated with the Outer Regional 
category.  This re-categorisation has the benefit of creating statistical stability; however, the validity of 
any estimates based on this re-categorisation presupposes that the rates of unsafe or substandard 
installations in remote areas are similar to those in the outer regional areas of the corresponding state.  

Table 4:  Breakdown of Sampled SGUs by State and Remote Area Index which were deemed Unsafe or Substandard 
(a) Unsafe 

Remoteness Index 
State or Territory 

ACT NSW NT QLD SA TAS VIC WA 

Major Cities 8 
(7.7%) 

50 
(3.4%) 

- 
43 

(3.7%) 
29 

(3.7%) 
- 

53 
(6.1%) 

36 
(6.6%) 

Inner Regional 
- 

17 
(4.0%) 

- 
9 

(2.4%) 
3 

(2.5%) 
5 

(9.6%) 
13 

(5.6%) 
11 

(5.3%) 

Outer Regional & Remote 
- 

3 
(5.2%) 

3 
(16.7%) 

3 
(1.6%) 

2 
(1.7%) 

2 
(10.0%) 

3 
(6.5%) 

2 
(6.9%) 

(b) Substandard 

Remoteness Index 
State or Territory 

ACT NSW NT QLD SA TAS VIC WA 

Major Cities 9 
(8.7%) 

322 
(22.2%) 

- 
132 

(11.4%) 
170 

(21.5%) 
- 

106 
(12.2%) 

96 
(17.6%) 

Inner Regional 
- 

58 
(13.8%) 

- 
38 

(10.0%) 
23 

(19.5%) 
7 

(13.5%) 
26 

(11.1%) 
58 

(28.2%) 

Outer Regional & Remote 
- 

6 
(10.3%) 

4 
(22.2%) 

47 
(25.5%) 

29 
(24.6%) 

5 
(25.0%) 

5 
(10.9%) 

2 
(6.9%) 

 
Small sample issues are clearly a problem (e.g., note that 3 unsafe installations were found among the 
sampled SGUs in the Northern Territory, leading to an observed rate of 16.7%; however, as there were 
only 18 sampled SGUs from the Northern Territory, if just one fewer unsafe installation had been 
found, the observed rate would have been 11.1%, while if only one more had been found the 
observed rate would have jumped all the way to 22.2%).  Nevertheless there are clear differences in 
rates across states and levels of remoteness.  In order to adequately deal with these issues, and 
ultimately to adjust for differences in the geographic composition of the sample from the population, 
we fit a logistic regression model to capture the fundamental relationship between state and 
remoteness and proportion of unsafe and substandard installations.  The results of this logistic 
regression model then may be used to construct post-stratification adjusted estimates of the rates of 
unsafe or substandard installations.  In order to account as completely as possible for the observed 
pattern of unsafe or substandard installations, we choose a logistic regression model with main effect 
terms for both state and remoteness level, as well as a number of interactive effects, to account for 
the potentially different relationship between rates of unsafe or sub-standard installations and 
remoteness level within individual states.  However, as the Australian Capital Territory, Northern 
Territory, South Australia and Tasmania sub-samples contain very small numbers, we ignore any 
potential interactive effects here as practically inestimable.  While this makes the validity of our 
adjusted estimates require the supposition of similar structure in these states and territories, this is 
not a large practical issue as the overall population does not contain a high proportion of SGUs from 
these areas and thus any mis-estimation in these areas will have only a minimal effect on the overall 
estimated rates.  Finally, we also include a term in our model to distinguish the original versus the 
updated sample data, so that we can assess whether there has been any significant change in the 
rates of unsafe and sub-standard installations over time. 
 
Using the above model to adjust for the geographic effects of sampling frame bias, yields estimates of 
unsafe and sub-standard installation proportions of 4.3% and 16.1%, respectively.   Both of these 
estimates are notable lower than their counterparts from the original investigation.  Some care should 
be exercised in interpreting this decrease, however.  First, we note that the composition of the 
population has changed notably; for example, the number of SGUs from New South Wales now 



 

 

comprising only 23% of the overall proportion as opposed to 28% at the time of the original report, 
which corresponds to larger population proportions of SGUs from the other states and territories.  
This change in population structure means that the individual state-specific rates of unsafe and sub-
standard installations contribute differently to the overall national estimates than in the previous 
investigation.  Nevertheless, there does appear to have been a decrease in the rate of both unsafe and 
sub-standard installations, and in the case of sub-standard installations this decrease is statistically 
significant.   
 
Timing 

In addition to geographic constraints, the sampling procedure outlines constraint related to the 
installation dates of SGUs.  As noted in the previous section, the fact that the additional samples in the 
updated data derive primarily from a different time period than those in the original sample is 
accounted for directly in the logistic regression model used to adjust for geographic bias.  In this way, 
the preceding model accounts for the differences in the two different “eras” of the samples. However, 
to further assess whether temporal trends produce biases beyond those already addressed, we 
investigate the breakdown of installation dates among the sampled SGUs, as well as examine any 
relationships between date of installation and proportion of unsafe or sub-standard installations.  
Figure 4 displays the number of sampled SGUs by installation month and location. 

Figure 4: Number of Sampled SGUs by Month of Installation 
 (a) by State (b) by Remoteness 

  
The patterns seen in Figure 4 are not strongly discrepant from those seen in Figure 3, the 
corresponding plot for the population.  Nevertheless, there are clear patterns in the timing of 
installations (e.g., the very large spike in installations in the major cities in June 2011), and thus if 
there is a change in the rate of unsafe or sub-standard installations in these areas over time, the 
difference in installation date structures between sample and population would need to be accounted 
for in any bias adjustment. 

However, as Figures 5 and 6 demonstrate (and additional logistic regression analysis confirms), there 
is no statistically significant relationship between installation date and the rates of either unsafe or 
sub-standard installations beyond the simple “block” effect accounted for in the bias adjustment 
procedure already undertaken.  As such, there is no need to directly address differences in installation 
date structure between the sample and the population.  That being said, there are some interesting 
features of Figures 5 and 6 which warrant brief mention: 
1. Figure 5(b) appears to indicate a notable drop-off in the proportion of unsafe installations in outer 

regional and remote areas in the period between October and April in each calendar year.  Closer 
inspection at the sample structure reveals that this is based on the fact that there are very few 
sampled SGUs from outer regional or remote areas with installation dates in these time periods.  
Indeed, of the overall 473 SGUs sampled from outer regional and remote areas, only 26 (5.5%) had 



 

 

installation dates in January, February March or April, and 246 (52.0%) had installation dates in the 
months of May through September.  Of course, this structure itself is perhaps worth investigation, 
as there seems no suggestion from the population that there was any notable drop-off in outer 
regional or remote installations to match the installation date structure seen in the sample. 

Figure 5: Proportion of Unsafe Sampled SGUs by Month of Installation 
 (a) by State (b) by Remoteness 

  

Figure 6: Proportion of Sub-Standard Sampled SGUs by Month of Installation 
 (a) by State (b) by Remoteness 

  
 
2. Figures 6(a) and (b) displays a notable spike in the rate of sub-standard installations in June 2011.  

Further, this spike seems to be most prominent in major cities in Western Australia and South 
Australia.  This phenomenon is certainly consistent with the idea that at peak installation times 
(such as the reduction in the Solar Credits Multiplier) the increase in demand may lead to less able 
installers receiving more business than they otherwise might during more normal periods of 
demand. 

3. Figure 6(b) contains some suggestion that the rate of sub-standard installations is decreasing over 
time, particularly after the large spike in sub-standard installations in June 2011 noted above.  The 
trend is upset by what appears to be an increase in substandard installations for the early months 
of 2012, however, care must be exercised in this interpretation, as there were relatively few 
sampled SGUs in the updated data which were installed in 2012.  As such, a further sample to 
augment the number of SGUs inspected in this period may yet confirm a true downward trend in 
the sub-standard installation rates.  Further, we note that the preceding analysis did indeed 



 

 

demonstrate a statistically significant drop in sub-standard installation rates between the original 
dataset and the updated dataset, and this is certainly consistent with the notion that sub-standard 
installations are becoming rarer as time goes on. 

 
Unit Size 

The final characteristic of SGUs available in both sample and population for investigation into the 
potential for bias is that of the rated size of the unit in kilowatts (kW).  While there was no direct 
constraint in the sampling procedure which would suggest that a differential structure in size 
distribution between the sample and the population, it is still possible that an inherent relationship 
exists between the size of units and when/where they were installed.  If this is the case, then the 
location and timing constraints of the sampling procedure may also manifest themselves through 
differences in size distributions.  As with the other factors, of course, the extent to which any 
differences in size distribution between the sample and the population may give rise to a bias in the 
estimation process is directly dependent on whether there are differential rates of unsafe or sub-
standard installation among SGUs of different rated sizes.   

Figure 7: Proportion of Sampled SGUs of Various Sizes by State 
 (a) Original (b) Update 

  

Figure 8: Proportion of Sampled SGUs of Various Sizes by Remoteness 
 (a) Original (b) Update 

  

Figures 7 and 8 show the distribution of sizes of SGUs in the sample, both state-by-state and by 
remoteness area, for the original and the update sample.  As in Figure 1, the corresponding display 
for the population, we see the majority of units have a rated size near 1.5, the remainder spread 
reasonable equally among the other rating groups.  Further, the breakdown in rating size of SGUs 



 

 

within states and remoteness areas is generally quite consistent, as it was in the population. Given 
the lack of discrepancy between the breakdown of SGU rated size between the population and the 
sample, there is little concern regarding the potential for bias to occur.  As such, no adjustment to 
the rate estimates is made on the basis of this covariate. 
 
Inspector Variation 

An additional source of variation in the estimation process for rates of unsafe and substandard 
installations arises from the use of 39 different inspectors to carry out the SGU assessment process.  
Given that the assessments carry some component of subjective judgement, some inspectors may 
have differing thresholds for what constitutes either unsafe or substandard installations.  If this is 
the case, then there is the potential for even the geography-adjusted estimates given above to be 
inaccurate and require further adjustment. 

To investigate this issue, a mixed effects logistic regression model was employed with an identical 
fixed effects structure to that used to implement the geography-based bias adjustment, but with an 
additional random effects term to account for individual inspector variation. 

We note that the in order for the model used to give reliable bias adjustments, the inspectors need 
to have a done their inspections across a suitable spread of geographic locations.  To this end, we 
note that of the 74 inspectors used, 57 did all their inspections within a single state or territory. 
Fortunately, most of the inspectors did inspections in at least two of the three remoteness regions.   
Given this, there is reasonable scope for the model to provide sensible estimates of inspector 
variation after accounting for the differential effects of geography.   

Interestingly, when the mixed effects logistic regression model was fit, the majority of the state-
based effects lost their statistical significance.  This outcome is nicely in line with the view that there 
is little reason to suspect differences in the rates of unsafe and substandard installations across 
states once the level of remoteness has been accounted for, and it is merely the fact that inspectors 
tended to stay within a single state and thus there inherent variation was being incorporated as 
state-based differences by the model fit using only geographic factors.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Figure 9: Increase in Odds of Sampled SGUs deemed as: 
 (a) Unsafe
 



 

 

 (b) Sub-standard 

 

 

Figure 9 shows relative increased odds of deeming a SGU either unsafe or substandard for each of 
the 74 inspectors.  Clearly, there is variation in their propensities to deem SGUs either unsafe or 
substandard.  Overall, this variation is not large with the notable exceptions of Inspector #55 (11.7% 
of inspected SGUs deemed unsafe) and Inspector #1 (9.4% deemed unsafe) tending to have a lower 
threshold for deeming a SGU as unsafe and Inspector #44 (41.7% deemed sub-standard) tending to 
have a lower threshold for deeming a SGU as sub-standard.  In the case of Inspector #44, though, it 
should be noted that, while he deemed 41.7% of the installations he inspected as sub-standard, he 
only deemed 1.4% as unsafe.  In fact, focussing solely on an inspector’s combined propensity to rate 
SGUs as either unsafe or sub-standard and re-fitting the mixed effects logistic regression model 
provides individual inspector propensities as shown in Figure 10.  As can be seen, Inspector #44 is 
still seen to be a notable outlier, and there is still a considerable range of variation among inspectors.     

 

 

 

 



 

 

Figure 10: Increase in Odds of Sampled SGUs deemed as either Unsafe or Sub-Standard: 

 

In fact, Figure 10 is quite similar in structure to Figure 9(b), as SGUs rated as sub-standard are far 
more prevalent overall than those rated as Unsafe.  However, we note that the shift in unsafe and 
sub-standard installation rates seen between the original and update samples means that some 
caution in interpreting these is warranted. The relative increase in odds associated with individual 
inspectors displayed in Figures 9 and 10 are overall values, and thus do not indicate whether there 
has been any change in these values over time.  It may be that the range of variation in inspector 
ratings is decreasing as they gain experience and feedback regarding their previous rating reports.  
Further, more detailed temporal analysis would be needed to investigate this possibility, and was 
beyond the scope of the current report. 

Finally, using these estimated relative propensities for assessing SGUs as either unsafe or 
substandard, we can further adjust our overall geography-adjusted estimates of the population 
proportions of unsafe and substandard SGUs by reconstructing these estimates under the 
assumption that all inspectors had the average propensity for assessing SGUs as unsafe or 
substandard.  Doing so yields an estimate of the population proportion of unsafe installations of 4.0% 
(with a standard error of 0.5%) and an estimate of the proportion of substandard installations of 
18.5% (with a standard error of 1.3%).   


